Introduction 48
Using cosmetics can lead to consumer exposure to chemical ingredients during use or 49 general population exposure to chemicals emitted post-use to the environment (Bergfeld et 50 al., 2005 and Boxall et al., 2012) . With limited human exposure data available for cosmetics 51 (e.g. Koch et al., 2014) , and potential for health risks associated with chemical exposures, 52 modeling tools are needed to assess multi-pathway exposure to the variety of chemical-53 cosmetic combinations. 54 chemicals in cosmetics per unit mass of product used (Dudzina et al., 2015a) or per unit mass 70 of chemical applied via a product (Delmaar et al., 2014) . Platforms such as TRA, SHEDS-71 HT, ConsExpo, and PACEM can consider multiple exposure pathways and are suitable for 72 risk-based assessment approaches. For comparative assessments based on multi-media, mass-73 balance exposure models (Hauschild et al., 2008; Wambaugh et al., 2013) there is a need to 74 consistently integrate multiple exposure pathways and mechanistically consider the 75 competition between different transfer and loss processes. For cosmetic exposure in 76 particular, the chemical mass permeating the skin and the mass volatizing that leads to 77 inhalation are interdependent. Accounting for simultaneous volatilization and dermal 78 permeation has been demonstrated as an important consideration by models that focus on 79 dermal exposure (e.g. Kasting and Miller, 2006) , but is currently missing from multi-80 pathway exposure screening assessments. Such dermal exposure models are not suitable for 81 implementation in HTS or life cycle assessment (LCA) because of computational complexity 82 (e.g. requiring numeric solutions) and unsuitable exposure metrics. Furthermore, none of the 83 aforementioned exposure models have been used to estimate post-use emissions, which lead 84 to ubiquitous contamination of aquatic environments including sources of drinking water 85 (Kolpin et al., 2002 and Pal et al., 2014) , and subsequent environmental exposure pathways. 86 LCA-a common quantitative assessment technique to inform environmental risk 87 minimization and sustainable production and consumption-generally accounts for post-use 88 environmental emissions of cosmetic ingredients, and often assumes that a fixed fraction (e.g. 89 100%) of ingredients is emitted to freshwater (Koehler and Wildbolz, 2009 ). Life cycle 90 impact assessment (LCIA) models used in LCA, estimate potential impacts on humans and 91 ecosystems mediated by environmental emissions along product life cycle stages (e.g. 92 manufacturing, use, disposal). Recent advances in HTS of exposures to environmental 93 chemicals have also employed LCIA mass balance models (Shin et al., 2015 and Wambaugh 94 et al., 2013) , thus underscoring the utility of models compatible with both HTS and LCIA 95 despite their different goals. LCA-compatible methods to evaluate exposures occurring 96 during product use are, however, not yet available, although exposure during use is a 97 predominate exposure pathway for consumer products like cosmetics (Jolliet and Fantke, 98 2015) . Recently, presented and illustrated examples of the product-99 specific chemical intake fraction (PiF) metric, which represents all incurred exposures per 100 unit of chemical mass applied via a product, as the first necessary step towards developing 101 methods for LCIA to include consumer product exposure. Models to estimate PiF have 102
however not yet been operationalized to account for multi-pathway exposures to multiple 103 chemicals. Existing modeling platforms are not appropriate for estimating PiF, because they 104 are not mass balance-based across exposure pathways, they do not mechanistically account 105 for volatilization as a competing process with dermal permeation, and they do not estimate 106 post-use emissions and subsequent exposures. Further development of lower-tier mechanistic, 107 mass balance-based, exposure models compatible with LCIA as well as HTS is needed to 108 better assess potential impacts and risks related to chemical fate and exposure pathways 109 originating from chemicals in cosmetic products . 110
In this study, we address these research gaps and aim to (1) develop a consistent, 111 LCA-compatible, mass balance framework coupling multi-pathway fate and exposures to 112 chemicals in dermally applied cosmetics; (2) analyze fate and exposure pathways during and 113 after use for an exposure duration relevant for cosmetic use; (3) quantify product intake 114 fractions (PiFs) and intake rates for a case study of chemicals in a shampoo product and 115 account for uncertainty propagation; and (4) apply the model to determine exposure to 116 multiple chemicals in shampoo and to identify predominant exposure pathways and data 117 gaps. 118 119 2. Methods 120
Cosmetic product intake fraction framework and exposure pathways 121
The presented framework is applicable to non-medical, dermally-applied products 122 regardless of their functions (e.g., beautification, hygiene, etc.), referred to as cosmetics 123 (European Union, 2009). We built the framework based on the product intake fraction (PiF,  124 Jolliet et al., 2015) metric to quantify consumer exposure to chemicals in cosmetics via use 125
To preserve versatility of application and model flexibility and to enable comparison 140 across exposure pathways, the total PiF ( tot PiF ) was differentiated into five components 141 discerning life cycle stages as well as exposure pathways and routes (indicated by 142 superscripts); Eq. (1) follows as 143 
PiF
) and dermal permeation via transfer 147 from the gaseous phase ( g d, use,
). Two environmentally-mediated pathways (far-field) 148
were considered for the disposal stage (i.e. after product use), i.e. inhalation of ambient air 149 ( inh dis,
) and ingestion of freshwater, fish and other food items ( ing dis,
), aggregated for 150 all members of the general population. Far-field refers to indirect exposure to post-use 151 emissions mediated through environmental pathways, which includes exposures via food, 152 water, and air. Near-field refers to direct (dermal permeation via application on skin) and 153 indirect (e.g. inhalation) exposures to chemical ingredients through product use. Representing 154 all intakes by different individuals, each PiF component is normalized to the same initial 155 mass of a given chemical in an applied cosmetic. Depending on the desired application of the 156 metric, each PiF can be kept separate (e.g. with respect to life cycle stage, exposure route, or 157 exposure pathway) or summed within Eq. (1). 158
Mass balance based models for product intake fractions 159
PiF was derived by first establishing the mass balance for a chemical applied via the 160 cosmetic which advances dermal exposure models based on ConsExpo (Delmaar et al., 161 2005) , by including volatilization as a competing process with dermal permeation. The 162 change in mass m (kg) of a chemical c remaining on the skin surface over the exposure 163 duration t (h) is described in Eq. (2) 164
The rate constants s p, k ( h -1 ) and p,a k ( h -1 ) respectively account for the losses due to mass 166 transfer from the product (p) on the skin surface to air (a) and into the stratum corneum (s) 167 and are described in Section 2.3. 168
The mass fraction of chemical permeating into the skin during exposure can be 169 expressed by the time-integrated mass of chemical intake into the stratum corneum, The first term of Eq. (4) expresses the chemical mass fraction transferred into the skin as a 175 competitive process between dermal intake and volatilization. The second term expresses the 176 total fraction of mass removed from the skin surface via both volatilization and dermal 177 intake. The fraction volatilized from the product to the air a , p f , Eq. (7) ( Table 1) , was 178 derived in a similar manner to Eq. (4) and satisfying mass balance principles the sum of the 179 fraction taken in, Eq. (4), and the fraction volatilized, Eq. (7), during use is always ≤1. 180 181 
PiF
, Eq. (5)-(6) ( Table 1) 
Estimating transfer rates and skin permeation coefficient 217
Mass transfer from the product-to-skin and product-to-air was modeled based on the 218 conventional two film theory where it is assumed that the steady-state transfer rate through a 219 two-phase interface (i.e., solution-skin and solution-gas) is controlled by transfer processes 220 specific to each phase and boundary layer and the equilibrium concentration occurs at the 221 interface. The overall rate constant describing transfer from the product solution to the skin, 222 We tested 8 QSAR models recommended for dermal exposure studies (SI Table S1 Table S1 ), both with squared 238 geometric standard deviations of GSD 2 ≈20 and standard error of SE≈0.65. The skin 239 permeation coefficient QSARs were developed on diverse training sets, but parameterization 240 was restricted to molecular weight (MW) and the octanol-water partition coefficient (K ow ), 241 which contributes to the uncertainty of the QSARs. The range of suggested applicability is 242 constrained by these parameters, e.g. 18 g/mol<MW <585g/mol and -3.7<log K ow <5.49 (ten 243 Berge, 2009; SI Table S1), and not by other molecular descriptors (e.g. shape) or substance 244 function (e.g. surfactant). 245
Estimating intake rates 246
The absolute mass taken in per day by an individual product user is the product of the 247
PiFs and the mass of chemical initially applied. Specifically, the individual daily intake rate 248 for a product user, IR (µg kg -1 d -1 ), in micrograms of chemical taken in per kilogram body 249 weight per day, was estimated as 250 product used, PiF dis must be multiplied by the fraction of the population using the product, i.e 258 the ratio of the total number of product users to the overall receptor population size 259 considered in the PiF dis calculation ( use N / pop N ). 260
Shampoo case study 261
The PiF equations listed in Table 1 were determined for a case study product and 262 chemical ingredients. Shampoo was selected for a case study on a commonly used cosmetic, 263
washed-off directly after use. Ingredients and formulation vary greatly, e.g., pH 3-9 264 (Gavazzoni Dias et al., 2014 and Goldsmith et al., 2014) . Shampoo is typically >2/3 water 265 and subsequently diluted six-fold during use (Bremmer, et al., 2006) . Five exemplary 266 chemicals were first selected from the CPCat (Dionisio et al., 2015) or Household Products 267 (http://householdproducts.nlm.nih.gov) databases. Chemicals were selected to span a 268 representative range of physicochemical properties (i.e. molecular weight, octanol-and air-269 water partition coefficients) (SI Figure S2 To characterize ranges in PiF estimates for a larger number of substances, we also 280 identified 414 additional chemicals based on inquiry of "personal_care cosmetics shampoo" 281 within the CPCat database (Dionisio et al., 2015) . We then obtained all the chemical-specific 282 parameters required for both the near-and far-field models by using the USEtox 1. Table S2 and Section S4). Uncertainty was also 308 estimated with respect to environmental fate and intake fractions (SI Section S4). MC 309 determines the stochastic propagation of parameter uncertainty and variability, and was also 310 used to evaluate the contribution of parameters to the overall distribution. We further 311 investigated variability with respect to the exposure duration and the distribution of shampoo 312 mass typically applied by consumers (Hall et al., 2007) whereas the average concentration of 313 chemicals in shampoo was fixed, due to a lack of data on realistic concentration distributions. 314
Results are therefore indicative of intake rates for the considered concentrations, whereas 315
PiFs are concentration independent. 316 
Results

PiF
. Sodium lauryl sulfate and quinoline yellow, with K ow <100, MW>200 (g mol -1 ) 327 and negligible volatility with a K aw <10 -10 , were estimated to have low-end exposure during 328 use ( use PiF <0.001). 329
Influence of exposure duration on exposure and post-use emissions 330
As demonstrated in Figure 1A 
Comparison between use and disposal stage exposures 355
Main results and model parameters are presented in Table 2, iF , indoor air intake fraction due to dermal 382 contact with volatilized gas-phase chemicals, both with dimensionless units of kilogram taken 383 in per kilogram emitted indoors to the shower stall; all PiFs (see Table 1 ) have dimensionless 384 units of kilogram chemical taken in versus kilogram chemical initially applied; IR, intake rate 385 as a function of PiF and mass applied. The disposal (dis) stage PiFs are aggregated for all 386 emission compartments (emissions to air, water, and soil). 387
Sensitivity, variability, and uncertainty 388
Monte Carlo (MC) simulations accounting for uncertainty and variability according to 389 parameter distributions within SI Table S2 , demonstrated that use PiF varied by one to three 390 orders of magnitude, with an upper limit of PiF≤1 due to mass balance principles (see 95 th 391 CI, Figure 2 ). Due to non-linearity, sensitivity on use PiF was chemical-specific but the case 392 study chemicals were usually most sensitive to the skin permeation coefficient, except for 393 benzyl benzoate with the highest estimated aq 
Intake Rates 413
PiF is multiplied by the chemical mass applied to estimate IRs for an individual 414 product user, see Eq. (9), and the chemical mass applied is estimated as the product of the 415 mass of shampoo applied and the fraction of chemical mass c f ( 1 kg μg  ) in the shampoo 416 (Table 2) . We found IR for shampoo applications of these five chemicals was on the order of 417 nano-to several micrograms chemical intake per kilogram bodyweight per day, which is 418 similar to other recent estimates (Delmaar et al., 2014 , Dudzina et al., 2015a and Safford et 419 al., 2015 . Conservatively assuming that the number of product users was equal to the 420 number of individuals in a population, we found that for the 53 chemicals with readily 421 available data to estimate IRs in this study, the contribution of the far-field IR was a function 422 of the magnitude of the near-field exposure; for example when the near-field PiF was greater 423 than 0.01, the far-field exposure negligibly contributed to IR (<1%). The near-and far-field 424 exposures contributed to 70% and 30% of the total intake rate of 0.07 (µg kg -1 d -1 ) for 425 quinoline yellow, respectively. Accounting for uncertainty ranges, these contributions were 426 not significantly different. 427 Figure 3 demonstrates that the order of chemical prioritization changed when 428 considering the ranking of IR compared to PiF. For example, benzyl benzoate had the highest 429
PiF, but resulted in the lowest IR due to the assumed low concentration fraction in shampoo 430 for such preservatives (0.00015%) (Bremmer et al., 2006) . Increasing the mass of shampoo 431 used across the range typically applied by consumers (Hall et al., 2007) 
resulted in decreasing 432
PiF by approximately an order of magnitude due to a thicker solution on skin surface (when 433 the applied surface area is assumed constant). However, IR remained relatively stable because 434 the effects of increasing the mass of chemical applied were compensated by the decreasing 435 the presence of a co-solvent. Due to the uncertainty regarding saturation and co-solvent 502 effects, these chemicals were flagged in the supplementary spreadsheet described in SI 503 Section S6, and the saturation concentrations were included for reference. Furthermore, 17 504 out of the 69 of the chemicals in the extended shampoo case study had dissociation constants 505 indicating potential ionization, and these chemicals are also flagged in the supplementary 506 spreadsheet described in SI Section S6. Empirical and modeling studies to date generally 507 limit focus to a subset of these effects and how they influence aq 2012) and sorption to surfaces within the bathroom or shower stall is likely limited (Won et 519 al., 2001) . Due to these data gaps removal processes within indoor air were not parameterized 520 within our model but indoor degradation is unlikely to increase the removal rate by more than 521 20% (Rosenbaum et al., 2015) which could have an effect for chemicals with high inhalation. 522
Additionally, the developed mass balance model was based on several assumptions, for 523 example that the thickness of the cosmetic on the skin was constant. In reality, some 524 cosmetics formulations or long exposure durations may result in volatilization that 525 substantially decreases the thickness on the skin surface, resulting in an increase of 526 thermodynamic activity leading to increased dermal transfer, assuming no crystallization 527 (Moser et al., 2001) . 528
With significant hurdles to account mechanistically for the multitude of formulation 529 effects, at least within lower-tier models appropriate for HTS and LCIA, a qualitative 530 descriptor to identify chemical functions (e.g. surfactant, co-solvent) is an emerging, 531 resourceful way forward to improve HTS of dermal exposure to cosmetics (Chevillotte et al., 532 2014) . Additionally, as cosmetics may be intentionally formulated with specific properties to 533 enhance or inhibit skin permeation, industrial knowledge may bring significant benefits to 534 modeling improvements. The PiF-based framework presented in this study (Table 1) In this study, mass balance models enabled connecting, quantifying and comparing 541 near-and-far-field contributions to the product intake fraction (PiF) . The 542
PiF framework is compatible with the iF-based framework established within the LCIA step 543 of LCA. An example application in LCA is detailed in SI Section S5. The results of the 544 shampoo case study corroborated the intuition that exposure during use of a cosmetic usually 545 exceeds environmental exposures to post-use emissions of the product, at least for product 546 users, and justifies including use stage exposure in LCIA of cosmetic products. Furthermore, 547 results demonstrated the importance of bridging, and simultaneously considering, multi-548 pathway exposures on a mass balance basis, as inhalation during use dominated over dermal 549 intake for 20% of chemicals in the extended shampoo case study, and post-use far-field 550 exposures can be comparable to exposure during use for chemicals with low permeation 551 coefficients and high washed-off fractions. Such observations are a direct consequence of 552 mechanistic consideration of physicochemical properties within the models and their 553 connection on a mass balance basis. The chemicals considered in this study had a range of 554 functions including fragrances, surfactants, and preservatives and physicochemical 555
properties, but they cover only a fraction (<20%) of chemicals known to occur in shampoo 556 (Dionisio et al., 2015) . Complementary studies are therefore needed to systematically 557 investigate the role of physicochemical properties in determining the magnitude of various 558 exposure pathways, and emission magnitudes. SI Section S5 illustrates in a proof of concept 559 case study how our models can be integrated and applied in an LCIA framework. It also 560 shows that accounting for volatilization of volatile substances can lower the estimated 561 ecotoxicity impacts by orders of magnitude when compared to the common conservative 562 assumption of 100% washed-off to freshwater after use. With consideration of the limitations 563 and strengths, the presented framework is deemed best applicable for future assessments that 564 aim to compare relative magnitudes of population-scale chemical intakes, e.g. in LCA to 565 support estimation of impact trade-offs or in HTS of exposures to prioritize chemicals and 566 product combinations of concern. 567 Some of the greatest limitations to HTS and LCIA of cosmetics are data availability, 568 
